Mounting evidence suggests that behavioral factors depress wealth accumulation. Although much research and policy focuses on asset accumulation, for many households debt decumulation is more efficient. Yet the mass market for debt reduction services is thin. So we develop and pilot test Borrow Less Tomorrow (BoLT), a behavioral approach to debt reduction that combines a simple decision aid, social commitment, and reminders. Results from a sample of free tax-preparation clients with eligible debt in Tulsa (N=465) indicate strong demand for debt reduction: 41% of those offered BoLT used it to make a plan to accelerate debt repayment. Using random assignment to BoLT offers, we find weak evidence that the BoLT package offered reduces credit card debt.
2 client fell off-track. Once signed up, the research team monitored repayments using "soft pulls" of the client's credit report (i.e., credit checks that do not impact the credit score because they are not used for underwriting purposes) and delivered clients monthly reminder messages (email or phone). We emphasize that the version of BoLT tested here is very much of the "proof of concept" variety: there is almost certainly room for improvement and adaptation in the product design, delivery, and administration, as we discuss in the Conclusion.
BoLT's "kitchen-sink" approach of using several levers to address multiple behavioral factors is modeled on Save More Tomorrow™ (SMaRT). But the institutional particulars are different. SMaRT piggybacks on the extensive workplace intermediation of retirement saving created by employers tax subsidies. Debt markets are far less intermediated in the U.S. (and elsewhere), and so we pilot-tested BoLT using a "direct-to-consumer" distribution channel. SMarT also has a key component in which it shifts the default action to saving more unless someone comes in and actively decides to reverse their decision, whereas with BoLT we help borrowers set a new plan but do not have a mechanism in this institutional setting to change the default action.
Our pilot sample of 465 individuals is drawn from the clientele of free tax-preparation services offered by the Community Action Project of Tulsa, Oklahoma. From January-April 2010, the research team approached persons waiting to get their taxes done at three of CAP's sites with an invitation to take a fifteen-minute survey in return for a $5 gift card to QuikTrip, a local gas station and convenience store. 5 The pilot results are merely suggestive, but they point to strong demand for new debt reduction products/services with behaviorally-motivated features. Among those randomly assigned to a BoLT offer, 41% signed up for some version of it. Conditional on BoLT take up, the take-up rates for escalating repayment schedules, peer support, and reminders were 41%, 27%, and 81%.
Those who completed the survey and a consent form permitting credit report soft pulls were then randomized to either receive a BoLT offer or not. Baseline credit reports identify those with a potentially suitable debt.
Estimates of 12-month treatment effects offer some hope that BoLT-like approaches can produce their intended effects, although we caution that most of our results here are imprecisely estimated zeros.
We measure impacts on financial condition using the random assignment to identify the causal effects of 3 BoLT and credit report data to glean some unbiased measures of financial condition. Unobtrusively captured administrative data has several potential advantages over survey data relying on subject selfreports. It can be cheaper to obtain. It can be less prone to biased attrition. It is less prone to reporting biases that may be correlated with treatment and unobserved determinants of outcomes (Karlan and Zinman 2008; Zinman 2009 ). In all we find some statistically weak evidence that BoLT reduces credit card balances over a 12-month horizon, and little evidence that BoLT affects auto balances or broader outcomes (credit scores, delinquency, line of credit utilization, or number of active debts).
This pilot informs several lines of inquiry in (household) finance, behavioral economics, and intertemporal choice. It is the first study we know of that takes the behavioral financial engineering approach used to interesting effect in asset markets (Benartzi and Thaler 2004; Ashraf, Karlan, and Yin 2006; Gine, Karlan, and Zinman 2010) and applies it to debt reduction. It provides novel data points on the demand for a new debt reduction product and for a social commitment device. And it is the first paper we know of that uses a randomized-control design to measure the impact of a debt reduction initiative. 6 The paper proceeds as follows. Section 2 describes our pilot setting and sample, BoLT product design and implementation, and research design and implementation. Section 3 describes BoLT demand and usage in the pilot. Section 4 estimates whether BoLT actually succeeded in helping people reduce debt over a 12-month horizon. Section 5 concludes by discussing prospects for improving BoLT's design and implementation, including some speculation about various business models for offering BoLT on a large scale.
Study Design and Implementation
Sample Frame and Setting. Our sample frame for the study is drawn from the Community Action Project's (CAP) free Volunteer Income Tax Assistance (VITA) tax preparation service for low and moderate income (LMI) individuals. CAP is based in Tulsa, Oklahoma and provides a range of social services including early childhood education and first-time homebuyer's assistance. It runs one of the largest per-capita free tax preparation programs in the country, and delivered this service at eight different locations throughout Tulsa County during the 2010 tax season. CAP gave the research team 6 See Collins and O'Rourke (2010) for a review of financial education and counseling evaluations. 4 access to the three busiest sites, and the research team approached potential subjects at these sites from January 26 through April 15.
On-Site Process Flow and Sample Creation. High volume at the tax preparation sites resulted in long waiting times for many individuals visiting the CAP centers, and we used this downtime to enroll people into the study. The CAP receptionist or a surveyor from the research team would periodically ask people in the waiting room if they were interested in completing a survey about their financial wellbeing. The tax-preparation staff also encouraged people they were assisting to complete the survey after their tax-preparation session. Individuals were offered a $5 gift card redeemable at a local gas station and convenience store as an incentive to participate in the survey. Interested individuals were directed to a member of the research team. People granting consent to participate in the study (by complete the survey and granting permission for the research team to do "soft pulls" of the subject's credit report that day, and going forward) were then interviewed Survey interviews took about fifteen minutes and covered basic demographics, financial product use, respondent assessments of their household's financial condition, and some basic questions designed to measure behavioral factors (time-inconsistency, exponential growth bias, and limited attention). The complete survey instrument is reproduced as Appendix 1. 1432 interviews were completed over the 2.5 months of surveyor/marketer operations. Upon completing the survey, the interviewer used a random number generator in Excel to randomly assign the interviewee (the subject) to either receive a BoLT offer (details below in II-D), following the survey, or not.
7 This process and assignment was not visible to the interviewee.
Analysis Sample Characteristics and Randomization Integrity. Our sample frame consists of 465 individuals that qualified for BoLT by having an auto loan or a credit card with a positive balance at baseline. 8 7 Initially, in "Phase 1" of the pilot, all individuals who completed the survey were randomized to get a BoLT offer or not. Beginning on March 1, 2010, Phase 2 only randomized individuals with qualifying debt who also expressed an interest in reducing their debt when prompted by the surveyor. We control for this change in sample frame construction when estimating BoLT treatment effects.
Of these, 238 were assigned to be offered BoLT (treatment) and 227 assigned to not receive BoLT (control). Survey questions on demographics find that 74% of the sample is female, with a mean age of 44 and low incomes. 75% of the sample reports a total household income of $30,000 or less, and only 2% report $50,000 or more. This is expected given the sample frame: clients of a free tax preparation service that screens on income ($50,000 max with dependents, $40,000 single) and often requires long wait times. 53% of the sample has some college education, and 19% report earning a bachelor's degree or more.
Note the substantial variation in scores (SD=95). Mean credit card ($2,447) and auto loan balances ($5,546) are low relative to U.S. averages (M. Brown et al. 2011 ), but also show substantial variance within our sample.
Survey questions on financial condition and product usage indicate prevalent financial distress and (expensive) credit usage in this sample. 43% report that their household's financial situation is "not very good" or "bad". 16% report being forced to move due to financial difficulties during the last 12 months, and 32% report that adults in the household had to cut back on food. 36% report being turned down for credit recently, and 58% report being discouraged from applying. Self-reported financial product usage in the last two years spans both mainstream and "alternative" products. 94% have had a checking account, although only 31% have had a home mortgage (due in part to low homeownership rates in this sample). 62% have had a credit card, and 54% an auto loan. Usage of expensive smalldollar loan products-bank overdrafts, payday loans, auto title loans, refund anticipation loans, pawnsappears prevalent despite the tendency for survey respondents to underreport borrowing on these types of instruments (Karlan and Zinman 2008; ).
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The baseline survey also contains questions designed to proxy for some of the behavioral biases that motivate BoLT's design. Two hypothetical choices over smaller-sooner vs. larger-later rewards, for today vs. 1-month from today, and 6-months vs. 7-months from today, give us a standard, if coarse, measure of time-inconsistency (Ashraf, Karlan, and Yin 2006; Meier and Sprenger 2010) . 20% of respondents exhibit "standard" reversals on this, exhibiting impatience on the today vs. 1-month choice, and patience on the 6-vs. 7-month choice. 10 As a second proxy for costly self-control problems, we ask the following: "I often find that I regret spending money; I wish that when I had cash, I was better disciplined and saved my money rather than spent it." 77% of respondents say that they strongly or somewhat agree with that statement. We glean a coarse measure of (limited) attention from a question about how often someone thinks about their financial situation (30% say something less than "a lot").
We also construct a measure of exponential growth bias (or, more agnostically, of numeracy) from open-ended, intuitive responses to a question on population growth: 49% underestimate, 34%
overestimate, and 6% provide more or less the correct answer (plus or minus 15% of the exact correct answer).
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Details on BoLT Product Design, Offer Randomization, Intake, and Follow-up Administration.
We designed BoLT with an eye towards offering a simple debt reduction product that counters behavioral biases toward indebtedness and ultimately could be offered to a mass market of consumers interested in accelerating debt repayment (and/or controlling new borrowing). As noted at the outset, the version of BoLT piloted here has three features: a planning/goal setting tool, a commitment option, and reminders. We are not positing that the particular features tested here are necessarily optimal, and discuss several possibilities for testing augmentations and adaptations in the Conclusion, in particular methods of switching the default action (e.g., through a bill-payer service).
Everyone completing a survey was randomly assigned to receive a BoLT offer or not, immediately upon finishing the survey (the randomization was conducted in real-time and unbeknownst to the subject, on the market/surveyor's laptop). Subjects assigned to the control group received their survey 10 Interestingly, 12% exhibit the opposite reversal. This is commensurate with what we've seen in other studies and settings, and it's possible that this response is an indicator of confusion or inattention re: the survey. But we have yet to see a good explanation/theory that explains the full pattern of responses to the standard timeinconsistency questions. When using survey responses to these questions in our regressions, we use the full set of categorical responses: patient on both, impatient on both, impatient now and patient later, patient now and impatient later. 11 As discussed in section II-D, BoLT's design is also loosely motivated by loss aversion, but we do not have a measure of loss aversion from the survey.
compensation (a gift card), and thanks for their time. Subjects assigned to receive a BoLT offer also got a marketing pitch with a brief overview of BoLT's features. Subjects expressing interest in BoLT were then taken through a more thorough, but still brief (typically twenty minutes from start-to-finish for those who signed up), planning and set-up process.
Step 1 of the BoLT marketing and intake process is identifying a suitable debt. In the pilot, this involved the marketer inviting the prospective client to discuss the client's credit report, and using this information and the client's recall to identify an auto loan or credit card account with a nontrivial balance and a high APR (credit reports do not include pricing information).
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Step 2 of the intake process is using a decision aid to help make a concrete plan for paying down debt more quickly. The idea is to present someone with a simple but effective planning/goal setting tool that counters the many potential cognitive obstacles to motivating, setting, and implementing a realistic debt reduction goal, including limited numeracy or literacy (Lusardi and Tufano 2009) , exponential growth bias re: interest expense (Soll, Keeney, and Larrick 2011; Stango and Zinman 2011b) , information overload (Iyengar, Huberman, and Jiang 2004; Bertrand et al. 2010) , and planning fallacies (Peetz and Buehler 2009 ). In the pilot studied here, the tool was a simple repayment schedule calculator (Appendix 2), used by the on-site surveyor/marketer to help interested clients craft a realistic goal and schedule for accelerating the repayment of a single credit card or auto loan debt. Marketers typically reviewed a number of hypothetical payment schedules with a client to demonstrate the potentially dramatic reductions that small increases in monthly payments can have on repayment time and total interest paid (demonstrating this is a goal of one the new credit card disclosures required by the CARD Act). Once someone drafted a repayment schedule featuring the usual equal monthly payments, marketers presented the option of a payment schedule that escalated $10 each month (e.g., $25 in month 1, $35 in month 2, $45 in month 3….).
Due to operational constraints in the pilot (namely making BoLT marketing and intake as simple and quick as possible in order to capture as large as a sample as possible while they were waiting to get their taxes done), we offered BoLT for only a single loan per client. This is not necessarily the optimal design, as we discuss in Sections IV and V. 12 Marketers also screened for prepayment penalties, which are non-existent for credit cards (being lines of credit) and rare for auto loans.
41% of those offered BoLT made an accelerated repayment 13 In a lower-touch version of BoLT, we expect that Steps 1 and 2 of the intake process might be integrated using a single decision aid; in some settings, said decision aid could use various types of (passively captured) baseline data to make algorithm-based, customized recommendations.
8 plan, and 41% of plans featured escalating repayments. The main "take-away" for BoLT clients was a repayment schedule printout showing their new, accelerated plan side-by-side vs. their old repayment pattern.
Step 3 of the process is the offer of a commitment device, in this case the option of signing up one or more "peer supporters", who would be notified and asked to provide encouragement (but not financial support), in the event that the BoLT client fell behind on her repayment schedule. (The scripts used for peer supporter notification are presented in Appendices 3a and 3b.) The approach is to use the ex-ante prospect of peer notification, and any ex-post peer encouragement, as additional incentives for sticking to the debt reduction plan. The idea comes from work in social psychology on various forms of peer pressure (e.g., Cialdini and Goldstein 2004) , and the application is based loosely on other low-intensity peer mechanisms that have been built to support goal pursuit (e.g, Stickk.com, 43things). A differentiating factor here, however, is that a third-party (not the supporter or the supported) monitors progress.
14 Individuals who made a repayment plan in Step 2 were offered the Peer Support option, with a few exceptions.
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The fourth step of the BoLT intake process had the client choose whether she wished to receive monthly reminders by phone or email (44% chose phone, 37% chose email, and 19% opted out). The idea here is to counter limited attention by keeping the client's debt reduction goal and plan at "top of mind" (see, e.g., Karlan et al. 2011 and cites therein) . Stand-alone reminders may be particularly important in settings, like our pilot, where the institutional or contractual environment does not tend to produce regular follow-up contacts (monthly statements, advertising). Reminders were administered by research team staff and the scripts are presented in Appendix 3c.
A client selecting the option simply gave the marketer contact information for one or more friends, family members, and/or co-workers. 27% of those making a BoLT repayment plan enlisted one or more peer supporters. The modal number of peer supporters is one, with 34% of those choosing the peer support option listing two or more.
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Besides administering reminders, the other follow-up administration involved in this implementation of BoLT is monitoring repayment progress so that peer supporters can be notified if the supported client falls behind their scheduled repayment plan. The research team does this monitoring monthly by comparing information from the client's latest credit report (obtained with a soft pull) to her BoLT repayment plan.
BoLT Demand, Plans, and Performance
Take Up. Table 2 Panel A summarizes the key take-up rates. 41% of those offered BoLT made a plan to accelerate payment on a credit card or auto loan debt (Panel B shows that credit cards were somewhat more popular). 16 Of those making a plan, 41% chose escalating instead of fixed monthly payments (e.g., $15, $25, $35… instead of $20 each month). 27% signed up a peer supporter, and 81%
signed-up to receive phone or email reminders.
Predictors of Take Up. Table 3a estimates OLS correlations between the BoLT take-up decision and baseline individual characteristics gleaned from the credit report and survey. Sample size is only 156 here in Table 3a because we limit the analysis to those offered BoLT in phase 1 of the study, since those in phase 2 were pre-screened for willingness to participate in a debt reduction strategy and thus take up was nearly 100% in phase 2. The small sample here limits our ability to make strong inferences on predictors of take up. Table 3a Column 1 shows estimates when only baseline credit report variables are included in the predictive model, along with several fixed effects detailed below. There is weak evidence of a statistical relationship between take up and the baseline credit characteristics (the p-value from a joint F-test of the three variables is 0.15), but the magnitudes implied the coefficients are quite small. The bottom rows of the table show that take up is strongly correlated with the week that someone entered the tax site, but not day-of-the-week, location, or identity of the surveyor/marketer. These fixed effect results hold regardless of which variables we include on the right-hand-side (RHS); one can see this reading across columns. Table 3a Column 2 shows results when only basic demographics (collected from the survey) are included on the RHS. The point estimates suggest, not surprisingly, that extreme poverty (household income < $10,000 a year) depresses take up. It also appears that take up may be U-shaped in education.
Column 3 shows results when only proxies for behavioral variables are included on the RHS. No strong patterns emerge with respect to our proxies for costly self-control, exponential growth bias, and limited attention. Column 4 show results when only proxies for household financial condition and product use are included. BoLT demand analysis on larger samples. Table 3b estimates OLS correlations between the BoLT peer support take-up decision and baseline individual characteristics gleaned from the credit report and survey. (Recall that means of these baseline variables are presented in Table 1 Column 1.) The sample size is larger here (N=211) than for BoLT payment plan take up (in Table 3a ) because we can include phase 2 observations here. Nevertheless the sample remains too small in most cases to make strong inferences on individual variables. Table 3b Column 1 shows estimates when only baseline credit report variables are included in the predictive model along with the fixed effects detailed above. There is no evidence of statistically or economically strong relationships between peer support take up and the baseline credit characteristics.
The bottom rows of the table show that take up is strongly correlated with the week that someone entered the tax site and the identity of the surveyor/marketer (the latter result suggests that salesmanship matters, in keeping with Duflo et al (2006) ). These fixed effect results hold regardless of which variables we include on the RHS; one can see this reading across columns. Table 3b Column 2 shows results when only basic demographics (collected from the survey) are included on the right-hand-side (RHS). Peer support take up falls by half a percentage point for each year of age, suggesting that interest in getting peers involved in one's personal finances may differ across cohorts. None of the other results is particularly suggestive. Column 3 shows results when only proxies for behavioral variables are included on the RHS. A striking result here is that timeinconsistency does not strongly correlate with take up; rather, patience at both horizons (today vs. 1-month; 6-months vs. 7-months) is strongly and positively correlated with take up. In contrast, the regret spending point estimates suggest that regret may be positively correlated with take up. So the evidence on whether peer support appeals more to individuals with costly self-control problems is surprising (it 11 seems instead to appeal more to more-patient people) and mixed. No strong patterns emerge with respect to our proxies for exponential growth bias or limited attention. Column 4 show results when only proxies for household financial condition and product use are included. Mortgage and payday loan use are both negatively correlated with peer support take up at 90% confidence. Table 3b Column 5 includes all of the credit report and survey variables used in any of the previous specifications. The point estimates on most of the variables do not change appreciably from the previous specifications. Overall, neither the credit report nor the survey variables (nor the two groups jointly) predict peer support take up; e.g., the p-value on the F-test for all of the credit report and survey variables is 0.38.
BoLT Target Loan and Plan Characteristics. clients made plans for a credit card account, and 63 for an auto loan. The mean baseline interest rate on BoLT covered credit cards was an estimated 18% (SD = 6%), for auto loans it was 12% (SD=5%).
These APRs are based on client self-reports and industry averages because credit reports do not contain and from 45 months to 32 months for the auto loans.
Does BoLT Work as Intended? Empirical Strategy and Results
Descriptive Statistics on Performance. Table 2 Panel C describes BoLT client performance with their plans over the first 12 months post-take up. We measure performance by comparing the BoLT plan's targeted principal balance for a given month to the loan's balance reported in the credit report, adjusting for any credit reporting delays by lenders, which are typically one to three months. These descriptive estimates of performance suggest that about half of BoLT clients are on-schedule at the 12-month mark. We do not find marked differences in the characteristics of targeted loans that are on-track vs. off-track.
Is a 51% on-track rate for debt reduction goals high or low? If debt reduction goals suffer from low follow-through (as is the case, e.g., with smoking cessation and weight loss), then 51% may be (quite)
high. Randomizing subjects into either a BoLT offer or a control group (no offer) enables us to address this question using a valid counterfactual (i.e., a randomized control group). available to a market of borrowers with high-interest debt. X is a vector of randomization strata (surveyor, location, time) and control variables (for baseline survey and credit report variables). We calculate heteroskedasticity-robust (Huber-White) standard errors when using OLS, and bootstrap standard errors using 100 replications when using median regression.
Estimating Treatment Effects Using Random Assignment (and a Matching Estmator
We also estimate specifications after "stacking" the three observations per individual (baseline, 6-month follow-up, and 12-month follow-up) and replacing the baseline characteristics X with borrower 13 fixed effects, and dummies for the timing of each observation. In these specifications the Offer variable takes the value of zero for everyone at baseline (t=0), and the value of one for those in the treatment group at the 6-month and 12-month follow-up observations.
Our main outcomes of interest are different measures of (changes in) credit card balances (total across all of i's credit card accounts) and auto loan balances (total across all auto loans). Even though
BoLT targets a single loan, we focus on individual-(loan type-) level outcomes for two reasons. The first is conceptual: although BoLT's first-order effects presumably work through the targeted loan, we are interested in broader measures of indebtedness and financial condition that allow for spillovers (e.g., substitution or complementary between BoLT-targeted debt reductions and other debt reductions).
The second is statistical: we lack a good way of identifying which loan someone in the control group would target if they used BoLT (i.e., our loan-level predictions are quite noisy).
17 Table 4a reports BoLT treatment effect estimates on the borrower's total credit card balances. Panel
A reports results for the full sample. Column 1 estimates our OLS baseline control specification (model (1)) with 12-month follow-up level balances as the outcome. Column 2 uses the same specification but with log(1+balances) on the left-hand-side (LHS). Column 3 uses the baseline to 12-month change in balances on the LHS. Column 4 uses the average of the 6-and 12-month follow-ups on the LHS.
Column 5 uses the average change, across baseline to 6-months and baseline to 12-months, on the LHS.
Column 6 uses median regression instead of OLS, with 12-month level balances on the LHS. Column 7 and 8 use the individual fixed effects specification (model (2)), with 12-month level and log(1+balances) on the LHS. Panel B reproduces the same specifications for the sub-sample with nonzero credit card balances at baseline. We report results for this sub-sample because it may be the case that only those with credit card debt at baseline would have their subsequent credit card balances affected by BoLT.
Reading across the columns in the two panels, one sees a preponderance of negative coefficients on the BoLT Offer variable: 12 out of 16. This suggests that BoLT has its intended effect of helping borrowers reduce credit card debt. Moreover, two of the specifications n the full sample (with balances measured in changes) show statistically significant reductions. However, one must be wary about making firm inferences from these results: they are not strong in the statistical sense. E.g. these results
17 71% of our sample had multiple credit cards, 40% had multiple auto loans, and 34% had a least one credit and at least one auto loan. In future studies inferential power could be increased by offering BoLT at a more aggregated level (e.g., over total credit card balances), and/or by restricting BoLT offers to certain debt classes (e.g., credit cards only). Additional restrictions based on loan characteristics that are observable in the credit report (e.g., credit card with largest balance) would further increase power, but there is a tradeoff with external validity.
are not particularly robust to the definitional details (in particular, the functional form) of balances.
Trimming outliers from the LHS, or estimating treatment effects for median or log balances instead of mean levels, do not reliably produce negative coefficients. Table 4b is organized the exact same way as Table 4a , but for auto loan balances instead of credit card balances. Again we see a preponderance of treatment effect coefficients suggesting debt reduction:
12 out of 16. But here we do not find any statistically significant reductions. Table 5 reports results for additional key outcomes that plausibly capture more comprehensive aspects of the liability side of the balance sheet than a particular debt class like credit card balances (Table 4a ) or auto loan balances (Table 4b ). The motivation for examining these outcomes-credit scores, delinquencies, active trade count, and utilization rate of available credit-is threefold. First, BoLT could improve these outcomes if it succeeds in reducing debt loads and encouraging timely repayment. Second, BoLT could have perverse effects on these outcomes if it causes borrowers to be unduly focused on a particular debt and lose sight of the "big picture" of debt management. Third, some of these outcomes have "better-behaved" statistical distributions than balances do, leading to more precise estimates of treatment effects and hence inferences that might be missed by focusing on (relatively noisy) balance outcomes. Table 5a reports BoLT treatment effect estimates on credit scores over the 12-month follow-up horizon. We use the same specifications here as in Table 4 , with two exceptions. We do not use log(credit score) because scores are normally distributed by construction. And we examine only the full sample. We do not find any significant effects, and the confidence intervals contain only fairly small effects (up to 18 points) on scores. Hence one can infer that this implementation of BoLT did not have large effects, positive or negative, on credit scores over the one-year follow-up period.
Tables 5b-d find no evidence that BoLT affects delinquencies, total trade lines (i.e., total count of debts that are active or still owed), or credit line utilization (sample size on this variable is depressed by missing variables on credit limits).
Conclusion
Borrow Less Tomorrow (BoLT) is new, behaviorally motivated approach to developing a mass market debt reduction product. It combines a decision aid, commitment option, and reminders designed to help people make realistic, actionable plans to reduce (or control) high-interest debt. We pilot tested
BoLT in a sample of free tax-preparation clients in Tulsa, Oklahoma, during the 2010 tax season. We find some evidence of strong demand for BoLT (41% of those offered it made a plan) and for its component features: of BoLT users, 27% took peer support, 41% made an escalating repayment plan, and 81% were sent reminders. We find positive but statistically weak evidence that BoLT has its intended effects on debt reduction.
We posit several caveats to consider when interpreting these results. First, our small sample size and other research design elements of the pilot (offering BoLT for only a single loan, offering a choice between a credit card and an auto loan) limit our statistical power. This precludes sharp inferences on
BoLT's overall effectiveness or its underlying mechanisms. Second, the external validity of our results is uncertain. Free tax-preparation clients are but a small subset of BoLT's target market. There are many reasons to think that the pilot version of BoLT is not the optimal one. Third, there are many design decisions with similar rationales that may make important differences, and we only tested one set. Thus we cannot reject the theories behind the motivation; it may just require tinkering on design matters. In particular, we believe testing changes in the default option, through e.g., a bill-paying system, may hold particular promise. This would thus mimic SMarT even more closely.
The limitations of the present study highlight several tacks for future research. We view the BoLT design as modular and adaptable to different markets and business models. One could (and probably should) offer a broader range of planning and commitment options; e.g., providing an option for using
BoLT to manage total credit card balances (instead of focusing only on one account, as we did in the pilot). Balance targets could allow for goals and commitment over controlling new borrowing as well as reducing existing debts. Commitment options could be expanded to include additional "soft" options (setting up automatic payments from checking to debt accounts) and/or hard options (e.g., a client authorizing the BoLT vendor/administrator to cut off access to charging privileges in the event of noncompliance with the plan). Online decision aids might take the place of "high-touch" marketing or counseling sessions. Direct marketing could be used to make customized recommendations. Follow-up messaging might include feedback along with (or instead of) reminders. And of course, randomized testing on large samples can be used to evaluate the (cost-) effectiveness of these different design features (and version thereof) and packages.
Larger samples would also permit further tests of heterogeneity, specifically for instance which behavioral factors predict participation, and for which behavioral factors treatment effects are largest.
Different BoLT features are designed to operate on different behavioral biases; unpacking the individual and relative contributions of BoLT components can reveal something about the relative importance of different behavioral factors. Adding baseline data that elicits direct measures of behavioral factors would permit estimation of demand, and of heterogeneous treatment effects, that would further enrich theory-testing.
We close with some speculation about prospects for "scaling up" BoLT to reach a broader market and generate large samples for research and development. It seems to us that many types of businesses could benefit from offering BoLT or like approaches, perhaps on a subscription basis or as part of a larger bundle of services. Bill payers, other payment platforms (e.g., mobile wallets), or credit bureaus could add BoLT to their bundles. Employee benefit providers, financial advisors, and advice engines could use BoLT to help broaden their financial wellness packages beyond retirement savings and asset allocation. Debt collectors or credit counseling agencies could offer BoLT to clients who successfully repay. Before scale-up, however, further tests should be conducted on design and marketing until stronger and more consistent impacts are found.
The use of behavioral approaches for debt reduction is in its infancy. The pilot study here is a baby step, hopefully in the right direction. Old monthly payment amount ($) 97 64
Tables
BoLT monthly target amount ($) 115 75
Old principal remaining at 12 months ($) 2666 1434
BoLT principal remaining at 12 months ($) 2094 919
Change in principal remaining at 12 months ($) 571 535
BoLT plans for an auto loan: count 63
Interest rate (est.) 12% 12%
Baseline principal amount ($) 9567 9298
Time to repay without BoLT (months) 126 45
Time to repay on BoLT schedule (months) 41 32
Old monthly payment amount ($) 312 325
BoLT monthly target amount ($) 338 356
Old principal remaining at 12 months ($) 7868 7770
BoLT principal remaining at 12 months ($) 6632 7100
Change in principal remaining at 12 months ($) 1236 828
Panel C. Performance % on-schedule after Month 12 51%
Credit card on-schedule rate after Month 12 52%
Auto loan on-schedule rate after Month 12 48%
Baseline interest rate: on-schedule after Month 12 14% 15%
Baseline interest rate: off-schedule after Month 12 17% 17%
Baseline principal amount ($): on-schedule after Month 12 5863 4506
Baseline principal amount ($): off-schedule after Month 12 5618 3656 OLS estimates wth Robust (Huber-White) standard errors reported in brackets. BoLT takeup is defined as making a plan to accelerate repayment of an auto loan or credit card debt when offered by a surveyor/marketer. Sample size is only 156 because: 1. We only include those offered BoLT (i.e., we exclude the control group); 2. We only include those from phase 1 of the pilot, because in phase 2 inclusion in the sample (assignment to a BoLT offer or the control group) was conditional an individual's interest in a new debt reduction product. So takeup in Phase 2 was nearly 100%. Survey instrument is repoduced in Appendix 1. *p<0.10 **p<0.05 *** p<0.01. Level: baseline, Standard errors in brackets: Huber-White for OLS (intention-to-treat) specifications, bootstrapped with 100 replications for median regression specifications, and clustered on panelist for borrower fixed effect specifications. The baseline survey and credit report variables used here are the same as used in Tables 3a and 3b . *p<0.10 **p<0.05 ***p<0.01. Standard errors in brackets: Huber-White for OLS (intention-to-treat) specifications, bootstrapped with 100 replications for median regression specifications, and clustered on panelist for borrower fixed effect specifications. The baseline survey and credit report variables used here are the same as used in Tables 3a and 3b . *p<0.10 **p<0.05 ***p<0.01.
Average (6-month, 12-month) Average change from baselne Level: baseline, Average (6-month, 12-month) Average change from baselne Level: baseline, Standard errors in brackets: Huber-White for OLS (intention-to-treat) specifications, and clustered on panelist for borrower fixed effect specifications. The baseline survey and credit report variables used here are the same as used in Tables 3a and 3b . Sample size differs slightly from other tables because individuals may not have credit scores for all credit report pulls at baseline, six months, and one year. *p<0.10 **p<0.05 ***p<0.01. Average (6-month, 12-month) Average change from baselne Level: baseline, Standard errors in brackets: Huber-White for OLS (intention-to-treat) specifications, and clustered on panelist for borrower fixed effect specifications. The baseline survey and credit report variables used here are the same as used in Tables 3a and 3b . Accounts are defined as delinquent if they have a positive past due balance or are marked as delinquent in the remarks for that account. *p<0.10 **p<0.05 ***p<0.01. Average (6-month, 12-month) Average change from baselne Level: baseline, Standard errors in brackets: Huber-White for OLS (intention-to-treat) specifications, and clustered on panelist for borrower fixed effect specifications. Trade lines are defined as the number of accounts appearing on an individual's credit report. If an account is marked closed in the accompanying remarks, then this account is not counted as a trade line unless it has a positive past due balance. The baseline survey and credit report variables used here are the same as used in Tables 3a and 3b . *p<0.10 **p<0.05 ***p<0.01. Average (6-month, 12-month) Average change from baselne Level: baseline, Standard errors in brackets: Huber-White for OLS (intention-to-treat) specifications, and clustered on panelist for borrower fixed effect specifications. The baseline survey and credit report variables used here are the same as used in Tables 3a and 3b . Credit utilization is defined as the sum of balances on all accounts divided by the sum of credit limits on all accounts. Individuals may carry zero balances or have zero credit limits, resulting in lower sample size for credit utilization regressions. *p<0.10 **p<0.05 ***p<0.01. 
